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This lecture

" Image Generation in the context of Deep Learning and Al
" Generating Images

" The Convolution and Transpose Convolution

" Generative Adversarial Networks (GANS)

" Pitfalls and Improvements with traditional GANs, DCGANS

" Applications of GANs, StyleGAN, CycleGAN, Conditional GANs
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Images & GenAl

=] DARTMOUTH
ENGINEERING <A NVIDIA




Learning to speak, next to see?

So far in this course we have focused on only text generation with LLMs as the mode of GenAl
applications...

Output

T
© GPT-2)
t

Input

recite the tTirst law $

But! What about other areas of deep learning beyond Natural Language Processing?
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Computer Vision

Prior to the LLM craze, Computer Vision dominated the deep learning world

Classification Object Detection Instance

Classification

+ Localization

Segmentation
- _I —— “ .* .;Jr S "-E‘ I

CAT, DOG, DUCK CAT, DOG, DUCK

AN ¥4
Y

Single object Multiple objects

Whereas Language Models attempt to model and understand human language, vision models

focus on interpreting and classifying images (and videos)

However, until recently, generating images was no simple task. Instead the research focused

on image comprehension.
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A difficult vision

« Language Generation
O Image Generation?...what is so hard about image generation?
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Images have a continuous
multidimensional space from which we
can sample, ie an infinite space to
search.

Language has a finite and discrete
vocabulary that language models
can select from to generate the next
token
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Why generate images In the first place?

GENERAL

Use cases

eCommerce
Product images

b 19,19

Target Text: “A vase ofcolumﬂ tulips”

VFX - Tafﬂ t Tex wmden ohair® _ 5
Character creation = . -

Tar T xt: “A white wedding cake”

Creative
OvoltaML Image editing

We’'ve still barely scratched the surface of what image generators can do
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How does sight work?

Rods: Since they are more sensitive to light, rods are responsible for vision at low light levels
(scotopic vision). They do not mediate color vision, and have a low spatial acuity.

Cones: Cones are active at higher light levels (photopic vision), are capable of color vision, and
are responsible for high spatial acuity.

€ LIGHT

Electrical Optic
Impulses Nerve

Epithelial
cells

3@
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What Is a digital image?

Newton’s prism experiment showed that white light is comprised of all colors.

We can represent any visible color as a combination of red, green, and blue.
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Using numbers to see

Using the RGB ‘color space’ we can store images as a matrix.
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Images but not images

pixel 1— )
pixel 2—1-(:] = I

pixel 3— Q= = -

pixel 5 — Oy =
The MNIST database (Modified National Pl 7 O s =
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database) Is a large database of handwritten
digits that is commonly used for training el 13 e
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Prior to the convolution layer, images like MNIST were flattened to a list of pixel values.

This method did not work for the ImageNet competition.... why?

Page 13 e | < ang



Spatial Information

Simple neural networks see inputs independently.

Images, however, have a lot of local spatial dependency/local
connectivity.

Think about facial recognition:

" Distance between the eyes

" Distance from the forehead to the chin
" Distance between the nose and mouth
" Depth of the eye sockets

" Shape of the cheekbones

" Contour of the lips, ears, and chin

We need something that can process spatial information hitps://thispersondoesnotexist.com/
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The CNN revolution - AlexNet

The neural network AlexNet won the 2012 ImageNet competition

This was the first mainstream utilization of a Convolutional Neural Network and would shape the
next decade of Al research and development.

Input data Convl Conv2 Conv3 Conv4 Conv3 FC6 FC7 FCS8

T hee . - (C J (¢ -
I """ R [ - R i P
13X 13 X384 13x 13X 384  13x 13 x 256

21%x 27 % 256
55X 55 X 96
1000

227 227 X 3 4096 4096

AlexNet won with a top-5 error rate of 15.3%, compared to the second-place top-5 error rate of
26.2%.
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Secret to success: The Convolution Operation

The convolution operation is the key to computer vision, and allows for image generation too

Input Volume (+pad 1) (7x7x3) Filter WO (3x3x3) Filter W1 (3x3x3) Output Volume (3x3x2)
X[:,2,0] wl[z,:,0] wll:,:2,0] of:,2,0]
|U"{)]{}|Uﬂl‘.}ﬂ Ii"ﬂ"]l 0 1 -1 2.5 B R
Ll 8 EH ¢ i A convolution layer uses a set of kernels to
2 2 0 0 e o211 perform convolutions over the image.
2 z E 1 -1 0 -3 1 ﬂ‘
0 0_-6 1 -1 0 3 8 5
wl[:,:,2]
akls Typical sizes are 3x3 and 5x5. The kernels
10 0 are learned In training.
Bias bl (1x1x1)
bif:,:,0]

0

N Being able to span vertical and horizontal

: directions to gather information, these
kernels can interpret spatial information
very effectively and efficiently.
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Going the other direction?

" Convolution Layers are used to distill parts of
the image into a lower dimensional
representation of the image

" Information iIs lost at each state of a
convolution, so a direct reversal would not
generate the same image

" But if we allow for some “fuzziness” in the
generated image, we can flip the flow of
Information to expand the dimension of the
data
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Input (2D image)
of size 5x5

Values of the

corresponding squares

in the input and filter are
multiplied together and
then summed up to give
a value for convolved
feature.

| Filter (Kernel)
. ofsize 3x3

Convolved
0 Feature
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The Transpose Convolution

" The process involves using a
kernel and a stride to slide over
the input tensor.

" Transpose convolutions do not
combine multiple input values into
a single output (as in standard
convolution).

" Instead, it spreads a single input
value across multiple output
positions, effectively increasing the
spatial dimensions.
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Input (2D image)
of size2x 2

= - Filter (Kernel)
of size2x2

Using stride = 2

0 1 0 2
2 3 4 6
0 2 0 1
4 6 2 3

Hsing stride = 2

Final
Output

Input (2D image)
of size2x 2

Filter (Kernel)
of size2x 2

Partial
0 1 Output

Final
Output
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Generative Adversarial Networks

=] DARTMOUTH
ENGINEERING ‘ <A NVIDIA



Generative Adversarial Networks - What i1s a GAN?

The GAN was originally proposed by lar
Goodfellow in 2014 in which two neural
networks contend against each other,

hence “adversarial”

The Generator model, G, takes as input
a random vector, Z, and is trained to

generate some data.

The Discriminator model, D, is a
classifying whose sole role is to

determine if a sample came from the
training dataset, or Is a fake generated

by G.
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Input vector
randomly
drawn from the
latent space
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Update the Generator model

----------------------------------------------
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Fake
Generator —
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LY
]
(generated) "
Model example .
G Classification

P output from the
< Discriminator 3 e

q Model model
/ D real / fake
Real example %
taken from a k~ g ','
problem Ytennaaaaaa=" =
domain Update the

Discriminator model

When trained, we can smoothly vary the
Input vector Z to generate new samples
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Generative Adversarial Networks — Training a GAN

Training GANSs couples the Generator and Discriminator losses From the original GAN paper

3 N A
The generator generates synthetic data from random noise, z ~ pz(Z) £ 5 &

Where p,(z) is a prior distribution (e.g., uniform or normal distribution).
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The discriminator outputs a probability D(x) indicating whether input, x , is z
real or fake. ; ////////‘ ///////

D(z) is trained to maximize the probability of correctly classifying real data @ () (©) @
T ~ Ddata ( .’L') , and Synthetic data, G ( Z) Figure 1: Generative adversarial nets are trained by simultaneously updating the discriminative distribution
(D, blue, dashed line) so that it discriminates between samples from the data generating distribution (black,

dotted line) p, from those of the generative distribution p, (G) (green, solid line). The lower horizontal line is
the domain from which z is sampled, in this case uniformly. The horizontal line above is part of the domain
of &. The upward arrows show how the mapping * = G(z) imposes the non-uniform distribution p, on
transformed samples. G contracts in regions of high density and expands in regions of low density of p,. (a)
Consider an adversarial pair near convergence: pg is similar to psan and D is a partially accurate classifier.

£ _ .F 1 D ( ' (b) In the inner loop of the algorithm D is trained to discriminate samples from data, converging to D*(x) =
G 42D, (z) Og Z (@)

P (@) 15y (@) (c) After an update to GG, gradient of D has guided G(z) to flow to regions that are more likely

i L i ) ) to be classified as data. (d) After several steps of training, if G and D have enough capacity, they will reach a
The Generator tries to maximize the IOg-llkellhOOd of SynthetIC data point at which both cannot improve because p; = Paaa. The discriminator is unable to differentiate between

1

being classified as real. the two distributions, i.e. D(z) = 1.

L"D — {“:cmpda,m(a’:) [log D(.’L‘)] _ {“zwpz(z) [log(l T D(G(Z)))]

The Discriminator tries to maximize the log-likelihood of real data being classified as real
and synthetic data being classified as fake.

= o =
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Generative Adversarial Networks — Creating Images

GANSs can generate essentially any form of data.

For the MNIST problem, GANs can produce a flat array of Os

and 1s.
9171418
g
Dataset E . _Fleal
21al=12 Label = 1

LDiscriminatn

Fake

images
Label =0
0 Generator —— ,}

noise

Progression of generating MNIST
examples as a GAN is trained
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Generative Adversarial Networks — Deep Convolution GANS

Recall that we have seen the transpose convolution. We can create a new type
of generator, one that includes these transpose convolution.

DCGAN (Deep Convolution GAN)
Input a random column vector
Passed through several transpose convolutions

Final result is a generated image!
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DCGAN — Exploring the latent space of images

With a trained DCGAN, we can manipulate the latent vector, z, to explore the space of images we can generate.

Latent Vector Space (adding the z vectors)

— — = | "j;“ s
- j— o1 I—d B :
>~ ' H o Y -
smiling neutral neutral man man woman

smiling man . )
woman woman man g with glasses without glasses without glasses

-+
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DCGAN — Exploring the latent space of images

By carefully controlling how we change the latent vector, we can even reliably control the image changes.

Here the authors discovered how to induce a turn in the image subject by finding a “turn vector to add to the latent vector

=] DARTMOUTH
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Improvements and Challenges of GANSs
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Generative Adversarial Networks — Issues and Challenges

Training Instability:

GANSs are notoriously difficult to train, often suffering from issues like mode collapse
and vanishing gradients.

Hyperparameter Sensitivity:

The performance of GANSs is highly sensitive to the choice of hyperparameters,
requiring extensive tuning.

Lack of Interpretability:

GANSs are considered black-box models, making it hard to understand the internal
workings and learned features.
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Generative Adversarial Networks — Mode Collapse

During training a Generator can find a local
minima which produces strong feedback from

the discriminator.

After this point, there is little or no impetus for

the Generator to try new examples.

This collapse into a single output is known as

Mode Collapse

—
Generator gets stuck in a

subset of the distribution that
passes the discriminator

real data distribution

, generated data
dustribution
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Generative Adversarial Networks — Instability

0.45 4
- 15.0
Another challenge of GAN training Is instability, O 1 .
consider the following: 035- |
5 -14.0 4
E 0.30 E
- . . . . . E 0.25 - - 13.5 :_‘i
Generator improvement leads to discriminator decline. & 0
: : D @ 0.20 | -13.0 8
" Perfect generator results in 50% discriminator . ' pusa
accuracy (coin flip). G '
. . . . 0.10 4 -12.0
" Convergence issue: discriminator feedback loses
: 0.051_ . , , , , , , —- 115
Value over tlme 0 25 50 75 100 125 150 175 200
Epoch

" Continued training on random feedback degrades e Diseriminator is o strona. then the Generator
: Iscrimi IS S g,
generator quality. struggles to train.

Conversely, if the Discriminator is too weak, not enough
information for updates is sent to the Generator.

In both cases, the Generator will be suboptimal and the
training unstable.
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Modern development of GANS
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Modern GAN Approaches

Modern improvements to GANs have focused on:

" Improving training stability.

" Enhancing output quality.

" Addressing mode collapse issues.

Innovations such as iIntroduced finer control over generated images.

expanded the scope of GAN applications by incorporating conditional data.

enabled unpaired image-to-image translation, broadening the usability of GANS In
diverse domains.

Let’s take a look at these new approaches.
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Modern GAN Approaches - StyleGAN

StyleGAN, developed by NVIDIA, this is a pioneering GAN B StyleAN3 Mixing of styles
architecture for generating high-quality, photorealistic images. ™ W, S J e

Unlike traditional GANs, StyleGAN introduces a style-based
generator architecture that provides fine-grained control over
various aspects of the generated image, from overall structure

to detailed textures.

Style Control: Uses a mapping network to
transform the input noise vector into an
intermediate latent space, allowing manipulation
of image styles at different levels.

Progressive Growing: Gradually increases the
resolution of the generated images during
training, enhancing stability and quality.

High-Quality Outputs: Produces highly realistic

images, making it ideal for applications in art,
fashion, and virtual reality.
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Modern GAN Approaches — Conditional GANs

Labels to Facade BW to Color

Conditional GAN (cGAN): Targeted Image Generation

cGANSs extend the standard GAN framework by conditioning the
generation process on additional information, such as class
labels or specific attributes.

Edges to Photo

i

This approach allows for more controlled and targeted image
generation, enabling the creation of specific outputs based on the
given conditions.

output

Conditioning Information: Both the Generator and Discriminator receive additional

input data (e.g., class labels), guiding the generation process. DARTMOUTH
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Modern GAN Approaches - CycleGANs

CycleGAN: Unpaired Image-to-lmage Translation

CycleGAN is designed for unpaired image-to-image translation, allowing the transformation of
Images from one domain to another without needing paired training examples.

Monet 7_ Photos Zebras _ Horses Summer Z_ Winter
H 1 E— = A _“‘ﬂ‘ = e 1 ]

Cycle Consistency Loss: Ensures that an image translated from one
domain to another and back remains unchanged, promoting stable and
accurate translations.

Dual GANs: Uses two GANSs to learn the mapping between the two
domains, ensuring consistency and gquality in both directions.

| c ¥ e
T " R : - T -
D X DY |z Y N~ Z Y X Y
§ G r F F
X T v b% Yl |Xx Y . ‘ '
i ; cycle-consistency | | va it S
\_/ ; : i @\ ... loss =% .
© eyl t : . -
F e B {0 oo
‘ﬂ “V ﬁbvﬁ,’f’ph N P
(a) (b) () b e | ' o e R |
Figure 3: (a) Our model contains two mapping functions G : X — Y and F' : Y — X, and associated adversarial Photograph Monet Ve Gogh Gezanng

discriminators Dy and Dx. Dy encourages G to translate X into outputs indistinguishable from domain Y, and vice versa
for Dx and F'. To further regularize the mappings, we introduce two cycle consistency losses that capture the intuition that if
we translate from one domain to the other and back again we should arrive at where we started: (b) forward cycle-consistency
loss: z — G(z) — F(G(z)) = z, and (c) backward cycle-consistency loss: y — F(y) — G(F(y)) ~ y
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Wrap Up
Computer Vision and Generative Al

" Today we reviewed some important computer vision topics

" Introduced the transpose convolution and how it can be used to
generate images

" Explored Generative Adversarial Networks (GANS)

" Discussed the issues with training GANSs including mode
collapse and instability

" Saw some of the latest developments in GANs: StyleGAN,
cGAN, CycleGAN

In the next lesson we will start our discussion on diffusion models
and how they can overcome some of the GAN limitations.
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